Abstract: For half a century, red spruce (Picea rubens Sarg.), a commercially and ecologically important boreal tree species, has experienced growth decline and high mortality in eastern North America. A tree growth systems model, ARIM (annual radial increment model), was developed to evaluate responsible factors for red spruce growth in the Great Smoky Mountains National Park. The dominant cause at higher elevations (1800-2000 m) was found to be air pollution involving high-frequency acidic rain and cloud immersion. The identified causes at lower elevations (1450-1700 m) were insufficient solar absorption due to photoinhibition, drought stress resulting from reduced precipitation and high evapotranspiration due to warmer temperatures, and minor effects of air pollution. The ARIM exemplifies a complex systems concept and methodology for evaluating multivariable factors in tree growth systems. ARIM provides a general model structure that incorporates complex direct and indirect interactions for tree system studies and quantitatively integrates knowledge and data from different disciplines by developing a new set of indices, the relative basis index values. The ARIM results implicate comprehensive habitat-dependent directions for long-term conservation policies and management of red spruce with environmental changes, climate change, and air pollution in the Great Smoky Mountains National Park.
Introduction
For half a century, red spruce (Picea rubens Sarg.), a commercially and ecologically important boreal tree species, has experienced growth decline and high mortality in eastern North America (McLaughlin et al. 1987; Deusen 1988; Webster et al. 2004; Dumais and Prévost 2007) . This has raised concern, as these changes are indicative of an ecosystem under stress. Air pollution and climate change are frequently cited as possible causes, and some research has found correlations with physiological processes (Johnson et al. 1992; DeHayes et al. 1999; Dumais and Prévost 2007; Schaberg and Hawley 2010) . However, few-or single-factor results cannot comprehensively address the full spectrum of complex factors involved (McLaughlin et al. 1987; Schuler et al. 2002; Busing 2004; Webster et al. 2004 ).
Red spruce is long lived (>300 years) and shade tolerant with a low reproductive rate and low genetic diversity (White and Cogbill 1992) . It is dominant or codominant in high-elevation coniferous forests in the Great Smoky Mountains (Busing 2004 ). In the eastern United States, it has been exposed to increasing anthropogenic emissions of acidic pollutants and greenhouse gases over the past century, among the highest in the country (EPA 2000) . Climate change has also stressed populations near the southern edge of their range (Nicholas et al. 1999) . Some pollutants, particularly SO 2 , have been partly alleviated by implementation of the Clean Air Act (1970 , with amendments in 1977 EPA 2000) . In contrast, the stress of climate change remains a concern.
Previous dendrochronological studies showed regional declines from the 1960s to the 1980s in some southern Appalachian areas (McLaughlin et al. 1987; Deusen 1988; Webster et al. 2004) but not others (LeBlanc 1993; Schuler et al. 2002) . The variable results may reflect methodological limitations in addressing the organized complexity of forest ecosystems. System theory methods, focusing on system elements and their interrelationships, may be more appropriate (Odum 1962; von Bertalanffy 1969 von Bertalanffy , 1975 Patten 1997) . Open system theory, in particular, may enable researchers to evaluate the operation of large numbers of direct and indirect interactions and factors (von Bertalanffy 1975; Patten 1997; Lambers et al. 1998) .
The current study uses systems modeling based on open system theory to examine how hierarchically organized biotic and abiotic complexity contribute to red spruce growth in the Great Smoky Mountains National Park. The study objectives are to (i) develop a tree growth systems model, ARIM (annual radial increment model), representing complex interactions between growth and environmental factors, such as radiation, water availability, and temperature, and (ii) use this model to evaluate causes and processes of red spruce growth at higher versus lower elevations.
Materials and methods

Study area
The study area is the Great Smoky Mountains National Park (GSMNP) located in the southern Appalachian Mountains of the southeastern United States (Fig. 1) . The GSMNP has a cool, temperate, rainforest climate with a mean annual air temperature of 8.5°C and mean annual precipitation of 222 cm (Webster et al. 2004 ). These conditions result in short growing seasons (100-150 days), frequent cloud immersion, and strong winds (Johnson et al. 1992 ). The GSMNP is part of the mature Appalachian range characterized by rounded summits and ridges that drain into rugged slopes uniformly eroded by fluvial and colluvial processes. Relief ranges from about 250 to 2025 m at Clingman's Dome (Welch et al. 2002; Madden et al. 2004 ). The underlying bedrock is metamorphosed sedimentary material (Whittaker 1956) . Soils are inceptisols with abundant surface organic matter and silt to sandy loam textures (Madden et al. 2004) . A red spruce -Fraser fir (Abies fraseri (Pursh) Poir.) forest follows the elevation gradient, with spruce dominating at lower elevations (1370-1675 m), fir at higher elevations (>1890 m), and both codominating at midlevels (1675-1890 m) (Nicholas et al. 1992) .
Tree growth response
Annual red spruce growth was estimated from mean standardized ring width chronologies (Webster et al. 2004) . In this study, trees from permanent GSMNP plots of the National Acid Precipitation Assessment Program were cored (Nicholas et al. 1992) (Fig. 2) . A minimum of 30 trees were selected from higher (1800-2000 m, n = 35) and lower (1450-1700 m, n = 37) elevations. While sample size often depended on site conditions, 20 is generally accepted for characterization of a population (Fritts 1976; Cook and Kairiukstis 1990 ; http://www.ncdc.noaa.gov/paleo/treeinfo. html#references). The sampling criteria were (i) live trees, (ii) >5 cm diameter at breast height, (iii) dominant or codominant in the canopy, and (iv) age >100 years. These criteria were used to maximize the length of record and minimize the effects of competition or other growth suppression within stands. Two cores per tree were collected to facilitate accurate ring dating and cross-correlation. Individual chronologies were standardized to remove systematic aging changes in ring width by fitting a growth curve (negative exponential, negative line, or constant rate function) to the chronology and dividing each measured ring width by the expected growth curve value (Fritts 1976; Cook and Kairiukstis 1990) . Standardized ring width chronologies of subsamples were combined to obtain a mean chronology for each tree, Welch et al. 2002). and similarly, standardized ring width chronologies of trees were combined to obtain a mean chronology for the plot and then the elevation range. The length of mean chronology is 271 years at high elevations and 356 years at low elevations.
An expressed population signal (EPS) (Wigley et al. 1984 ) was used to show the significance of mean chronology depicting growth for the plot and elevation range. EPS relates the uncertainty of mean chronology correlations to the fractional common variance occurring as a parameter in an AN-OVA. EPS is a function of the number of cores and variance among cores and is estimated by
Here, ðR N Þ 2 is the correlation between an N-series average and the population, N is the total number of chronologies, and r is the average value of r iI , i ≠ I, where r iI is the correlation between chronologies i and I. EPS was applied to determine the number of tree cores required to significantly represent a population-level growth signal where 0.85 of EPS is generally accepted as a threshold (Wigley et al. 1984; Webster et al. 2004 ). Thus, mean standardized ring width chronologies with EPS ≥ 0.85 were used for the present analyses.
Environmental and ecosystem factors
Temperature, precipitation, air pollutants (nitrogen oxides (NO x ), sulphur oxides (SO x ), and ozone (O 3 )), and standardized ring width data were compiled for ARIM. Temperature and precipitation data were obtained from the airport meteorological recording station in Knoxville, Tennessee. Temperature was obtained by averaging daily temperature records for each year. Extreme winter temperature events were calculated by averaging the lowest daily temperatures (cool events) and highest daily temperatures (warm events) during the winter months from November to February. Extreme summer temperature events were calculated by averaging the highest daily temperatures from June to August. Precipitation was obtained by totaling daily precipitation records for each year. Climatic parameters were adjusted by local factors in submodels, e.g., temperature was adjusted by interactions with elevation, aspect, and slope in ARIM submodels ( Fig. 3 ; Appendix A (Tables A1-A4) ). Air pollution data, national total values of NO x , SO x , and volatile organic compound (VOC) emissions, were obtained from the US Environmental Protection Agency (EPA 2000) . The local air pollution data were not available for the entire study period. Specifically, O 3 data were not available for the study period, so O 3 data were estimated using the following equation (after http://www.epa.gov/air/ozonepollution/basic.html):
where O 3 is ground-level O 3 . Sunlight was excluded due to a lack of long-term monitoring data, and theoretically, there should be no or little annual variation during a relatively short period of 59 years (Geiger et al. 2003; Aguado and Burt 2004) .
ARIM structure ARIM predicts tree growth (mean standardized ring width) of red spruce populations. The model system boundary is defined by the annual tree growth of the red spruce population instead of the individual tree. Annual growth is divided by the corresponding long-term average to highlight year-toyear changes. ARIM assumes that the relative annual growth of the red spruce population behaves as an open system (i.e., increasing biomass more or less than the long-term average) in response to annual variations in photosynthesis and respiration in association with environmental interactions.
ARIM consists of two parts: ARIM high for elevations ≥1700 m and ARIM low for elevations <1700 m. The parts have the same conceptual design (one main model and eight submodels) but each uses different combinations of parameter values. The main model accounts for direct interactions (i.e., radiation, CO 2 , water availability, nutrient availability, herbivory, weather disturbance, soil-mediated disturbance, and air pollution disturbance (APD) (Fig. 2) ). Data for all direct factors were simulated in the corresponding submodels. For example, the data for radiation in the main model were simulated in the radiation submodel. The submodels account for the hierarchically organized indirect interactions (Fig. 3) .
The first step in developing ARIM was acquiring the relevant data through a combination of published literature and existing data on influential environmental factors and physiological responses of red spruce in GSMNP (see online supplementary data SD1 1 ; Koo 2009; Koo et al. 2011 ). Next, a conceptual model was constructed to organize the interactions between red spruce growth and the environment (Appendix A (Tables A1-A4) ). This conceptual model was then used to construct conceptual diagrams in STELLA (Fig. 2) (http://www.iseesystems.com/softwares/Education/StellaSoftware.aspx). Finally, simulations were performed by (i) quantifying parameters, (ii) developing mathematical models, rulebased models, and graph functions of processes for each interaction, (iii) calibrating the parameters through sensitivity analysis, and (iv) validating the models by comparing model outputs with observed data (Jørgensen and Bendoricchio 2001) . Details about equations and parameterizations of ARIM high and ARIM low are shown in online supplementary data SD2 and SD3. 1 
ARIM parameterization
Parameter quantification can be difficult in systems modeling because different methods, measurements, and units are used. Dimensionless units were obtained by dividing each yearly average value by the corresponding long-term mean, creating a relative basis index value (RBIV):
where RBIV ij is the RBIV of parameter i in year j, c ij is the monitored value of parameter i in year j, and m i is the mean value of parameter i. RBIVs for environmental factors are presented in online supplementary data SD2 and SD3. 1 
ARIM factor interactions
Randomness of data, the lack of correlation among obser-vations in statistics, is a fundamental assumption for using statistical models. The randomness of the simulated data for the eight direct factors in the main model was tested prior to application in the classification and regression tree (CART) models and generalized linear models (GLMs). All data in this study are time-series data, so an autocorrelation function was used to test autocorrelations among the data (Venables and Ripley 2002) . The randomness tests also showed whether the ARIM simulation process created autocorrelations among data in the submodel systems, which would mean that applications of the CART models and GLMs should be used with caution. Annual standardized ring width was computed as
where ARIRS j is the standardized ring width of red spruce in year j, RBIV ij is the index value of parameter i in year j, a i is the coefficient value of parameter i, b is the intercept value, and k is the total number of independent parameters of the main model. ARIM's main model used a combination of CART models and GLMs to determine the influential submodels (direct factors in the main model) and coefficients. CART models were used to identify influential direct factors; once identified, these direct factors were then used in GLMs fitted with a Gaussian distribution to determine the coefficient of each direct factor. For the CART models, cross-validation was used to obtain realistic estimates of prediction error (Crouse et al. 1987) . For the GLMs, Akaike's information criterion (AIC) and dispersion parameters (DPs) obtained from analysis of the deviations were used to determine the models with the best fits (Venables and Ripley 2002) .
The equations and coefficients for factor interactions in submodels are summarized in Appendix A (Tables A3 and  A4 ) (also see online supplementary data SD2 and SD3 1 ; Koo 2009). Linear deterministic equations were generally used for simulating factor interactions in the submodels; one exception was that a nonlinear relation was used for expressing interactions between temperature and red spruce growth, the logistic map. "IF-THEN" rule-based models were used to quantify the interactions between spatial factors, such as elevation, slope, aspect, and other environmental factors. For example, the interaction between temperature and aspect was expressed by Temperature × (IF Aspect = east THEN 0.5 else (IF Aspect = south THEN 1 else (IF Aspect = west THEN 0.65 else 0.3))). The brief documentations of equations and coefficients and raw data are described in online supplementary data SD2 and SD3. 1 
ARIM validation
The generality and parameter estimation errors of the GLM results for ARIM high and ARIM low were checked by a nonparametric bootstrapping test (Venables and Ripley 2002; Gelman et al. 2004; Tan et al. 2006) . The bootstrapping test assumes that the observed data set is the entire data set that we wish to generalize and a bootstrap resample is a subset of the entire data set (Tan et al. 2006) . The bootstrapping test is implemented by randomly taking m (the number of resamples) from the observed data set with replacement and calculating t* (the parameter estimates) for these resamples (Venables and Ripley 2002) . The bootstrapping tests show (i) the probability distribution function that the parameter estimates for resamples follow, (ii) the representativeness of the selected parameter estimate as showing the relative likelihood of parameter estimates, and (iii) the standard error range and bias range of the original parameter estimates (Gelman et al. 2004; Tan et al. 2006) . For this study, the bootstrap resamples were implemented 10 000 times.
ARIM was simulated using STELLA 9.0.0 and 9.0.3. A particular advantage of STELLA modeling is that many factors influencing a system can be considered at once. Also, different types of formulations, including linear, nonlinear, and rule based, can be applied to the interactions. All statistical analyses, including the CART models, GLMs, and bootstrapping analysis, were carried out in R.2.6.1 (Venables and Ripley 2002) . A significance level of P < 0.05 was used for statistical tests.
Results
ARIM factors
The autocorrelation tests showed that the majority of the parameters were random. The exception was parameters related to the air pollution factors in the submodels, including soil-mediated disturbance, APD, and nutrients (Fig. 3) . However, the lack of randomness could not be avoided because it originated from the observed air pollution data such as observed air pollutants and ozone. On the other hand, the firstyear autocorrelation of the water availability parameter was caused by the system modeling process (i.e., Precipitation Effect 2 in the Water Availability submodel ( Fig. 3 ; Appendix A (Tables A3 and A4))). This first-year autocorrelation was created on purpose to emulate the 1-year-delayed interaction between precipitation and the production of buds on the trees. Precipitation from one year influences the number of buds in the next year, which in turn impacts growth conditions (Meier and Leuschner 2008) . The randomness tests revealed that the parameters generally met the assumptions of the model, and where they did not, the lack of randomness was explained by the observed data or by model design rather than unknown consequences of the model structure.
ARIM model performance
CART modeling identified APD as the only influential explanatory variable for ARIM high and radiation (RA), APD, and water availability (WA) as the influential explanatory variables for ARIM low (Table 1 ; Fig. 4 ). APD was a significant explanatory variable for ARIM high , showing the lowest cross-validation relative error, but RA, APD, and WA for ARIM low were not because the cross-validation relative errors increased with increasing tree size (the number of splits). However, even though their predictions were not significant, they were still more influential than other variables for explaining annual variations of red spruce growth at low elevations. Therefore, the CART modeling results for ARIM low were still useful for selecting influential variables to apply in the GLMs. The selected parameters have been mentioned as important factors in red spruce growth in other research (Webster et al. 2004; Hawley et al. 2006; Dumais and Prévost 2007; Schaberg and Hawley 2010) . The GLM for ARIM high is detailed in eq. 5 and the GLM for ARIM low is detailed in eq. 6:
where ARIM highi is growth of the high-elevation red spruce population in year i, ARIM lowi is growth of the low-elevation red spruce population in year i, RA i is radiation in year i, WA i is water availability in year i, and APD i is air pollution disturbance in year i. The GLM for ARIM high indicated that APD explained the variation in the mean standardized tree ring width of the high-elevation red spruce population (DP = 0.28, AIC = -39.91) ( Table 2 ). The GLM for ARIM low indicated that WA, APD, and RA explained the variation in the mean standardized tree ring width of the low-elevation red spruce popula-tion. The first GLM for ARIM low had the lowest DP (0.036) and AIC (-23.22) , indicating the best fit with the data, and therefore was selected for inclusion in the STELLA model. The P values and significance tests based on complete probability models in Table 2 were not used for model selection. The fundamental assumptions for complete probability models are easily violated in ecological studies due to small sample size, autocorrelations frequently found in observations and data (Appendix A (Fig. A1) ), and nonlinearity of ecological phenomena (Bhattacharyya and Johnson 1977; Hilborn and Mangel 1997; Johnson 1999) . STELLA simulated mean standardized tree ring widths, which were compared with observed data (Fig. 5) . STELLA simulations for ARIM high showed good correspondence to the tree growth of the highelevation red spruce population up to 1995, after which ARIM high underestimated tree growth (Fig. 5a ). STELLA simulations for ARIM low showed fair correspondence to the tree growth of the low-elevation red spruce population, missing most of the extremes in tree growth (Fig. 5b) .
The bootstrapping statistics for the ARIM high and ARIM low GLMs showed that the original parameter estimations significantly represented the observed mean standardized tree ring width data with the highest relative likelihoods (Fig. 6) . The bootstrapping statistics explained the bias ranges and the standard error ranges of the original parameter estimations (Table 3 ). The probability distribution functions of parameter estimations for both GLMs followed the Gaussian probability distribution (Fig. 6 ). These standard error (SE) ranges, therefore, significantly explain the confidence intervals, SE × 1.96 for a 95% confidence interval, of the original parameter estimations (Altman and Bland 2005) .
Habitat-dependent causes determining red spruce growth
The ARIM high simulations together with the CART models and GLMs showed a negative relationship between APD and tree growth of the red spruce population at high elevations (Table 2 ; Figs. 4a and 5a ). In contrast, ARIM low simulations together with the CART models and GLMs showed that tree growth of the low-elevation red spruce population was positively related to WA and RA and negatively related to APD (Table 2; Fig.s 4b and 5b) . The factors selected for ARIM high and ARIM low represent all interactions within the correspond- Note: ARIM high is a function of air pollution disturbance (APD). ARIM low is a function of water availability (WA), APD, and radiation (RA). The number of nodes for both models is 59. The root node error for ARIM high is 0.05179 and for ARIM low is 0.043735. CP = a/R 0 , where R 0 is the mean square error of the predictions for the root tree. As increasing a, the optimal size of tree can be found by a sequence of cutting processes. CP with the lowest cross-validation relative error presents the optimal tree size (the number of splits) for the current data. This table is from . ing submodels, e.g., interactions among temperature, precipitation, local spatial factors, and fir mortality in the RA submodel. Based on all interactions in the submodels, temperature and precipitation played dominant roles in determining red spruce growth in high-and low-elevation habitats by controlling main factors, WA, RA, and APD (Fig. 3) .
Discussion
Systems modeling based on open system theory can be used to study hierarchically organized complexity. In this study, we developed ARIM, a tree growth systems model, to explain the hierarchically organized complex interactions between red spruce growth and its environment in the Great Smoky Mountains. The ARIM results explained habitat-dependent environmental factors that influenced growth in high and low elevations.
ARIM: indirect effects dominance
ARIM simulations indicated that APD was the most important responsible factor for red spruce growth at high elevations (1800-2000 m). APD included frequent interactions among air pollutants, rain, and clouds ( Fig. 3) Webster et al. 2004 ). These interactions cause acidic rain and clouds, accounting for crown dieback as well as growth and population declines by increasing tissue injury and leaching of foliar constituents (Johnson et al. 1992; Dumais and Prévost 2007; Schaberg and Hawley 2010) . Ozone also reduces photosynthetic pigments, carbohydrate contents, and frost hardiness by inducing the erosion of epistomatal and epicuticular layers of foliage, increasing twofold by acidic rain clouds (McLaughlin and Kohut 1992; Du- 
Asterisks indicate significance level based on the P value (Pr > |t|): ***P = 0.001, **P = 0.01, and *P = 0.1. DP, dispersion parameter; AIC, Akaike's information criterion; APD, air polution disturbance; WA, water availability; RA, radiation. The minimum value for DP and AIC (in bold) indicates the model that best fits the observed data, standardized ring width chronologies of red spruce. This table is from Koo (2009). mais and Prévost 2007). Acidic rain and clouds increased soil acidity related to nutrient leaching in soil (Dumais and Pré-vost 2007; Huggett et al. 2007; Schaberg and Hawley 2010) . SO 4 2-concentrations increased with SO 4 2-loading and cation leaching increased with increasing SO 4 2-in the order Mg > Al > Ca > K > Na (Fernandez and Rustad 1990) . Soil solution Al increased by soil acidification increment prevents Ca uptake, Ca deficiency decreases cambial growth, reduced cambial growth causes sapwood function to decrease, and this finally causes a reduction in leaf area.
In contrast, ARIM simulations indicated that interactions affecting the low-elevation (1450-1700 m) red spruce population are more complex. Warmer temperatures and less precipitation at low elevations accounted for the positive relationships between red spruce growth and water availability and radiation. Higher temperatures cause a decrease in both radiation absorption by photoinhibition and water available for photosynthesis due to increased evapotranspiration (Lambers et al. 1998; Pandey et al. 2003; ; details about physiological processes given in online supplementary Fig. 6 . Bootstrapping test results of the GLMs of (a) ARIMhigh and (b) ARIMlow. In the graphs, t* indicates the bootstrap resamples and the broken line on the histogram shows the original estimated parameter value from the GLMs. t* is the estimated parameter values of intercepts in the GLMs of ARIMhigh and ARIMlow (Table 3 ). This figure is from data SD1). 1 Less precipitation directly decreases water available for photosynthesis and indirectly enhances photoinhibition by increased leaf temperature due to reduced water resources for evapotranspiration ; details about physiological processes given in online supplementary data SD1). 1 Less precipitation in one year negatively influences the number of buds in the next year, which in turn decreases red spruce growth (Meier and Leuschner 2008) . APDs had minor effects on red spruce growth at low elevations due to less exposure to acid rain and cloud immersion. However, dry air pollutants, especially O 3 , caused negative effects on the low-elevation system by direct foliar damage by entering during normal gas exchanges (Fig. 3) McLaughlin and Percy 1999; Borer et al. 2005 ; details given in supplementary data SD1). 1 The results of ARIM high and ARIM low were consistent with several findings from previous studies, including negative correlations between red spruce growth and both air pollution Dumais and Prévost 2007; Schaberg and Hawley 2010) and high temperature (Deusen 1988; Webster et al. 2004; Dumais and Prévost 2007) and a positive correlation with precipitation (Deusen 1988; Webster et al. 2004; Dumais and Prévost 2007) .
On the other hand, the findings of ARIM also differed from those of previous studies. Most suggested the potential of air pollution to affect red spruce growth based on laboratory or plot-based experiments and field observations but could not statistically demonstrate the significant negative effects in field studies (e.g., McLaughlin and Kohut 1992; Webster et al. 2004; Dumais and Prévost 2007) . ARIM was able to demonstrate that air pollution was the major cause of red spruce growth decline at high elevation and a minor cause at low elevation using confronting simulation results with tree-ring width data collected at field sites. While dendrochronological studies could not always find significant direct correlations between red spruce growth and both temperature and precipitation (Deusen 1988; Cook and Zedaker 1992) , ARIM showed the importance of temperature and precipitation as indirect controlling factors that regulate all direct factors (Fig. 3) . The positive relationship between red spruce growth and radiation at low elevation was inconsistent with previous research, which found negative effects of intensive radiation with lower seedling and sapling survival rate (White and Cogbill 1992; Day et al. 2001; Mencuccini et al. 2007 ). Radiation considered in ARIM was not raw data collected in the field. It was the simulated values mediated by all factor interactions in the radiation submodel (Fig. 3) . This accounts for the inconsistent results at low elevations when comparing the current and previous studies using raw data.
The unique feature of ARIM is its attention to indirect and direct causes of growth. Most previous research has not considered indirect causes and failed to obtain significant correlations in the field. ARIM demonstrated that the indirect interactions were dominant, explaining the inconsistent results found in other studies. Figure 3 shows the many indirect interactions in the submodels and only eight direct interactions in the main model. Incorporating these indirect interactions helped account for the complicated habitat conditions that are necessary to understand red spruce growth in GSMNP. For example, radiation in the ARIM main model represents the amount absorbed by red spruce as mediated by many indirect factors influencing real radiation conditions shown in the radiation submodel ( Fig. 3 ; Appendix A (Tables A1-A4)). As a result, the values for radiation as modeled in the main model more accurately described the true conditions for red spruce growth than those directly derived from raw data collected in the field.
ARIM: a general model for tree growth systems
Process-based models and ecosystem models are often applied to ecosystem studies (Kerr et al. 2007 ). These models consider reality and the complexity of nature and incorporate many factors, comprehensively synthesizing data and knowledge. However, they are often too case and species specific, hampering broad application to other studies. In this study, a systems modeling approach was applied to achieve both reality and generality.
The ARIM modeling process can be classified into two parts, structural and functional. The structural part of ARIM explains its generality and the functional part reality. The ARIM structure was constructed based on general metabolic processes, including photosynthesis and respiration, of all tree species (Table 1; Fig. 3 ). The disturbance factors in ARIM also reflect general disturbances known from longterm tree growth studies, and therefore, the ARIM model structure can be applied to studies on other tree species, with a few modifications. For example, the weather disturbance submodel may need to include fire disturbance for firesensitive species. The functional part of ARIM was explained by various models used for factor interactions and locationand species-specific data for parameters and parameter estimations (Appendix A (Tables A3 and A4)); online supplementary data SD3 and SD4 1 ; Koo 2009). Some models for factor interactions were gained from general functional relationships due to lack of literature. Most models and data, however, were obtained from the red-spruce-specific research results (online supplementary data SD3 and SD4 1 ; Koo 2009). For example, rule-based models for interactions between air pollution, precipitation, and elevation were selected from the red spruce research in GSMNP. Temperature and precipitation data were gained from a local meteorological station, the Knoxville, Tennessee, airport meteorological recording station. The red spruce tree-ring data used for parameter estimations were collected in GSMNP by Webster et al. (2004) . Therefore, in spite of some limitations, ARIM pro- vides a general model framework for tree growth studies as well as the red-spruce-specific research.
ARIM: confronting complexity
ARIM, as a systems model, provides a general framework for interdisciplinary synthesis in studying tree growth. ARIM's structure incorporates all possible direct and indirect interactions among factors studied in several disciplines, including climatology, soil ecology, disturbance ecology, and tree physiology (Fig. 3) . Also, a variety of models, including linear deterministic models, nonlinear deterministic models, and rule-based models, were used to account for each functional relationship between submodel factors. In particular, statistical models, CART models and GLMs, were used for the ARIM main models to estimate coefficients of direct factors and determine the influential submodels and factors in the ARIM submodels. By using statistical models for the main models, ARIM possesses the flexibility of a systems model in incorporating a variety of model approaches and shows that a systems model can quantitatively explain the confidence level and generality of modeling results. The fact that ARIM maintains the features of observed data, such as randomness and the lack of correlations among data, in spite of the complicated model structure, enables these statistical models to be linked to the ARIM modeling without violating the randomness assumption.
The dimensionless index value RBIV developed for ARIM enabled data from different disciplines and monitoring systems to be quantitatively integrated (eq. 3). Some modeling approaches, such as process-based models and ecosystem models, have tried to synthesize interdisciplinary data to understand complex multiscale phenomena (Kerr et al. 2007) . However, such models still have problems in quantitatively dealing with the hierarchically organized complexity of nature because different units are used for each kind of data and information. RBIV in ARIM solves this problem. RBIV can be applied to other interdisciplinary studies due to its dimensionless feature.
ARIM: limitations and future research
ARIM provides innovative progress in modeling a tree growth system as adapting systems concept and methodology. The ARIM results significantly explained habitat-dependent mechanisms at high versus low elevations to determine red spruce growth in GSMNP. The predictive capability of ARIM, however, depends on the monitored data, which were lacking in some cases. This study used national total data for air pollution due to insufficient local monitored data in GSMNP. This may cause ARIM to underestimate red spruce growth after 1995 in high elevations. Also, the length of air pollution data, 59 years, may influence the significance of the CART model results (Table 1 ) and the P value for the APD parameter in the GLM for ARIM low (Table 2 ). In addition, there is little research explaining the acclimation ability of red spruce to environmental changes, effects from insects and parasites, interactions between red spruce and coexisting tree species, and interactions among red spruce individuals (e.g., density-dependent self-thinning or outgrowing, growing larger than a long-term average) in GSMNP. These could explain why the ARIM low simulations missed most of the extremes in red spruce growth (Fig. 5b) . The lack of acclimation studies could also partly account for the underestimated tree growth after 1995 at high elevation (Fig. 5a ).
Conclusion
ARIM discriminated habitat-dependent causes of red spruce growth declines in GSMNP. ARIM identified air pollution, in interaction with precipitation, as the dominant cause of red spruce growth decline at high-elevation habitats and the lack of water availability and radiation, in interactions with temperature and precipitation, as the dominant causes with a minor negative effect of air pollution at low-elevation habitats. It implicates comprehensive habitat-dependent directions for long-term conservation policies and management of red spruce with environmental changes, climate change, and air pollution in GSMNP. ARIM provides a general model structure that incorporates complex direct and indirect interactions for tree system studies and quantitatively integrates knowledge and data from different disciplines by developing RBIVs. ARIM demonstrates the flexibility of systems models in incorporating modeling methods by applying statistical models such as CART models and GLMs to the ARIM main models. Fig. A1 . Randomness tests (autocorrelation tests) for the observed data and the simulated data. In the plots, ACF is the autocorrelation coefficients. The broken lines in the plot show the 95% confidence interval. The autocorrelations within the lines are not significant, so they are rejected. High, high elevation; Low, low elevation; Water, water availability; WD, weather disturbances; SMD, soil-mediated disturbances; APD, air pollution disturbances. Note: The ARIRS envirogram is based on annual variation of relative energy and matter flow among ARIRS and environmental factors in the context of relations existing among them. Centrum refers to direct environmental factors and webs refer to indirect environmental factors. Centrum factors are directly controlled by Web 1 and indirectly by Web 2, Web 3, .... A factor in a web is directly controlled by the factors in the next web and indirectly by the factors in webs beyond the next web. The notation ® is used for avoiding iterative writing of the same interactions, exhibited in the first part, for the later parts. The factors not bolded account for nonwebs followed (adapted from chapter 2 in ). Numbers in parentheses are for the corresponding documentations for factor interactions involved in online supplementary data SD1 1 and Koo (2009 
